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ABSTRACT
Exoplanet emission spectra are often modelled assuming that the hemisphere observed
is well represented by a horizontally homogenised atmosphere. However this approx-
imation will likely fail for planets with a large temperature contrast in the James
Webb Space Telescope (JWST) era, potentially leading to erroneous interpretations
of spectra.
We first develop an analytic formulation to quantify the signal-to-noise ratio and
wavelength coverage necessary to disentangle temperature inhomogeneities from a
hemispherically averaged spectrum. We find that for a given signal-to-noise ratio,
observations at shorter wavelengths are better at detecting the presence of inhomo-
geneities. We then determine why the presence of an inhomogeneous thermal structure
can lead to spurious molecular detections when assuming a fully homogenised planet
in the retrieval process.
Finally, we quantify more precisely the potential biases by modelling a suite of
hot Jupiter spectra, varying the spatial contributions of a hot and a cold region, as
would be observed by the different instruments of JWST/NIRSpec. We then retrieve
the abundances and temperature profiles from the synthetic observations. We find that
in most cases, assuming a homogeneous thermal structure when retrieving the atmo-
spheric chemistry leads to biased results, and spurious molecular detection. Explicitly
modelling the data using two profiles avoids these biases, and is statistically supported
provided the wavelength coverage is wide enough, and crucially also spanning shorter
wavelengths. For the high contrast used here, a single profile with a dilution factor
performs as well as the two-profile case, with only one additional parameter compared
to the 1-D approach.
Key words: radiative transfer – planets and satellites: atmospheres – methods:
analytical – techniques: spectroscopic
1 INTRODUCTION
Exoplanet atmospheres have been studied through transmis-
sion and emission spectroscopy in the past 15 years. Since
the first detection by (Charbonneau et al. 2005), ground
and space based observatories have provided a wealth of ob-
servations. Emission spectra have mostly been carried ob-
served with the Hubble Space Telescope (HST) and the
Spitzer Space Telescope, revealing a diversity of thermal
structure and atmospheric composition (e.g. Kreidberg et al.
2014; Stevenson et al. 2017; Schwartz et al. 2017; Parmen-
? E-mail: jake.taylor@physics.ox.ac.uk
tier et al. 2018; Irwin et al. 2019b; Mikal-Evans et al. 2019;
Garhart et al. 2019). However, most of these observations
cover a narrow wavelength range (1.1-1.7µm for HST) or are
only band averaged measurements. In the coming decades,
new telescopes such as the James Webb Space Telescope
(JWST) (Greene et al. 2016), the Atmospheric Remote-
sensing Infrared Exoplanet Large-survey (ARIEL) (Tinetti
et al. 2018) and the E-ELT (Brandl et al. 2018) will improve
both the precision and the wavelength coverage of these ob-
servations by an order of magnitude.
One method of studying the atmospheric constituents of
an exoplanet is by employing an atmospheric retrieval (Mad-
husudhan & Seager 2009; Line et al. 2013; Waldmann et al.
© 2020 The Authors
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2015a,b; Blecic et al. 2017; Cubillos et al. 2017; Mollie`re
et al. 2019; Benneke et al. 2019). Atmospheric retrieval is
the act of obtaining the physical and chemical characteris-
tics of an atmosphere based on observations. Observations
of exoplanet atmospheres often have a poor signal to noise
and different combination of atmospheric parameters can of-
ten be compatible with the data. In order to quantify these
degeneracies, atmospheric retrievals are often carried out by
computing thousands of models allowing to explore a large
parameter space and quantify the degeneracies between pa-
rameters. However, when performing retrievals on a data set,
one has to first carefully choose the forward model that will
be used for the data analysis. Such a choice includes a series
of assumptions allowing one to reduce the parameter space
to explore. These assumptions can sometimes bias the re-
trieval results towards unrealistic values, leading to precise,
but wrong inferences about the atmospheric composition of
an exoplanets atmosphere.
In this paper we will look specifically at the assump-
tion that atmospheres are horizontally homogeneous. Such
a 1-D assumption has been widely used to study exoplanet
atmospheres (e.g. Kreidberg et al. 2014; Barstow et al. 2016;
Wakeford et al. 2017; Evans et al. 2017, 2018). However, it
is clear that the atmosphere of exoplanets are often intrinsi-
cally three-dimensional. In the specific case of tidally locked
hot Jupiters, the large irradiation received on the dayside
and the poor day-to-night heat redistribution can lead to
variations of up to a thousand degrees between the dayside
and the nightside (Showman & Guillot 2002; Knutson et al.
2007; Parmentier & Crossfield 2017).
Recently, Feng et al. (2016) showed that when retrieving
the spectrum of an inhomogeneous planet with a 1-D model
the inferred molecular abundances could be strongly biased.
In several cases, this could even lead to spurious molecular
detections. They concluded that such biases can already be
seen in current data, but will likely be much stronger when
better observations become available. For their JWST-like
simulations (λ = 1 – 10 µm) they find that 2-D effects be-
come significant if the temperature contrast between two
thermal profiles observed at planetary quadrature is larger
than 40%.
This study follows-up on the one of Feng et al. (2016).
Our goal is understand the mechanisms leading 1-D retrieval
models to infer the presence of spurious atmospheric con-
stituents when applied to observations from inhomogeneous
atmospheres. For this we first develop a simple analytical
model of the effect that an inhomogeneous thermal struc-
ture can have on the emission spectrum of a planet (Sec-
tion 2). This allows us to quantify the signal-to-noise ratio
necessary to be able to measure the presence of inhomo-
geneities on the planetary disk. We then look more specifi-
cally than Feng et al. (2016) on the consequences of an in-
homogeneous atmosphere on the retrieved abundances when
different instrument modes are used, focusing particularly
on JWST/NIRSpec (Sections 3 and 4). We find that that
in most cases, retrieval models will infer biased molecular
abundances from the JWST/NIRSpec observations of hot
Jupiter atmospheres unless the inhomogeneous nature of the
atmosphere is taken into account. Finally, in Section 4.7 we
uncover the mechanism responsible for the spurious infer-
ences of molecular constituents in planetary atmospheres.
We conclude that considering the presence of an inhomoge-
neous atmosphere will be crucial to avoid spurious molecular
detections and obtain accurate molecular abundances in the
JWST era.
2 DETECTABILITY OF TP
INHOMOGENEITIES
We start by deriving an analytical model to determine what
precision and wavelength range are necessary to detect the
presence of horizontal inhomogeneities based on a single
spectrum only. In order to simplify the problem we will as-
sume that a fraction x = x0 of the visible disk emits like
a blackbody at the temperature Thot = T0 whereas the rest
of the disk is not emitting any light (i.e. Tcold=0). The re-
sulting spectrum, plotted in Fig. 1 is therefore a blackbody
spectrum diluted by a factor x0.
As shown by the lines crossing in Fig. 1, for a given
wavelength λ0, the flux F(λ0) that is observed could also
correspond to a planet with a hotter hot part covering a
smaller area or a colder hot part covering a larger area. In-
deed if observations at a single wavelength are made there is
an intrinsic degeneracy between the temperature of the hot
region and the area covered by it. If we write the hot tem-
perature as Thot = βT0, we can write that the flux emitted by
the planet is:
F(λ) = xB(β, λ) × pia
2
D2
, (1)
Where a is the planet radius and D is the distance from the
Earth and B(β, λ). For convenience we will now assume pia
2
D2
=
1. B(β, λ) is the Planck function taken at a temperature T =
βT0:
B(β, λ) =
2hc2
λ5
1
e
hc
λkβT0 − 1
, (2)
The total flux emitted by the planet at a given wavelength
can be written:
F(λ) = x0B(β0, λ), (3)
For a specific wavelength λ0, the ensemble of models that
can match the planetary flux is described by :
F(λ0) = x0B(β0, λ0) = xB(β, λ0). (4)
This can also be written as a relationship between β and x:
x =
x0B(β0, λ0)
B(β, λ0)
. (5)
We can see that at a given wavelength λ0, there exists
a continuous ensemble of solutions (β,x) that can match the
planetary flux. However, as is seen if Fig. 1, the different
solutions will diverge and become distinguishable away from
λ0. We now wonder what additional observations could allow
us to distinguish between the real planet parameters x0, β0
and the ensemble of solutions degenerate at λ = λ0. We first
write the flux of one of these solution as:
F(λ) = xB(β, λ) =
x0B(β0, λ0)
B(β, λ0)
× B(β, λ) . (6)
Now let us imagine that we have two observations, one at
a wavelength λ0 and one at a wavelength λ0 + ∆λ. We want
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to derive a criteria to understand what signal-to-ratio would
be necessary to disentangle between the true solution and a
planet model where the temperature of the hot part of the
atmosphere differ from the cooler part by ∆β.
If the difference between the profiles is larger than the
error on the measurement (σFp ) then the model at β0 + ∆β
will not be a good fit to the observations. This can be written
as:
|F(λ0 + ∆λ, β0, x0) − F(λ0 + ∆λ, β0 + ∆β, x0)|> σFp (7)
We now suppose that we try to disentangle two models
that differ by a small value ∆β. We further assume that the
model fluxes are approximately linear over the wavelength
range ∆λ considered. This last approximation would hold
best away from the peak of the Planck function. For a ∆λ
of 1µm the error induced by the linearisation is going to be
at maximum of a factor 2 to 3. As seen later, even a factor
2 is a good enough as the flux variations can span orders of
magnitude difference when varying β and ∆λ.
We perform a Taylor expansion on Eq 7 of order one
(see Eq A1 and Eq A2) as a function of β and λ, which leads
to the following equation:
∂
∂β
( ∂F
∂λ
)
λ0,β0
∆λ∆β > σFp . (8)
We now divide both sides of 8 by the flux (Fp) and define
the signal-to-noise ratio as SNR = Fp/σFp , hence we obtain
a criterion for the detectability of spatial inhomogeneities in
a planet atmosphere:
1
Fp
∂
∂β
( ∂F
∂λ
)
λ0,β0
∆λ∆β >
σFp
Fp
≈ 1
SNR
. (9)
We note that this equation can be seen as a function of λ0
and β0 or as a function of λ0 and x0 since β0 and x0 are
related by Eq 5.
We use this criterion to show the ability to disentangle
2-D structures for a planet with a hot isotherm of 1400K
covering different fraction of the visible planetary disk, x0 in
Fig. 2, we chose to model a wavelength coverage of ∆λ = 2µm
to represent the majority of bandpasses covered by JWST
instruments. We see from the plot that the contour lines do
not vary much with the hot profile covering a fraction x0.
Secondly we see that as we increase the central wavelength,
the ability to disentangle the inhomogeneous structures be-
comes harder, requiring a higher SNR. Lastly, the contour
lines scale with the temperature contrast ∆β as seen from
Eq 9, with a larger temperature contrast shifting the contour
lines to the right, hence requiring a lower SNR, this effect is
marginal.
We can see that the contour line at 1 micron corre-
sponds to a SNR ∼ 1 for a low contrast (∆β = 0.2) This
means that with the observation centred at 1 micron, and a
wavelength coverage of 2 microns (∆λ), we are able to easily
disentangle 2-D effects even if the secondary eclipse is mea-
sured with an SNR of 1 only. The SNR required increases
as we move to longer wavelengths, where at 10 microns we
need a SNR in the range 10 – 100. To conclude, we find
that observing shorter wavelengths and a large wavelength
coverage is best to disentangle temperature inhomogeneities
from a disk-averaged spectrum.
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Figure 1. Plot showing two planetary spectra considering that
a part x of the atmosphere emits like a blackbody and the other
part is not emitting any light. The blue curve has a β value of
1.2 and the red curve has the value of 0.8, the function has been
plotted using Eq 6. The hotter profile covers a smaller fraction of
the surface (x = 0.2), the opposite is true for the colder profile (x =
0.8). For a given wavelength, there exists more than 1 combination
of these parameters which give the same flux output. Note: that
at a given wavelength, there exists multiple atmospheric scenarios
which can give the same flux output.
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Figure 2. Ability to disentangle between a planetary spectrum
with a hot region with a temperature of 1400K covering a fraction
x0 of the surface and a planetary spectrum with a colder region
of β0 + ∆β = 0.8, where β0 = 1. Hence the colder region has a
temperature of (β0 + ∆β) × 1400 = 1120K. For the colder plane-
tary case the emitting part of the planet covers a larger fraction
in order to have the same flux at λ0. The SNR are calculated fol-
lowing Eq. 9 assuming a wavelength range ∆λ = 2µm centered at
different λ0 as shown by the x-axis. The plotted threshold can be
extrapolated to different contrasts by noting that the SNR scales
inversely with the temperature contrast ∆β. Note that shorter
wavelengths are more important in being able to detect -D ef-
fects. Increasing the contrast of the profiles shifts the contour lines
to longer wavelengths, however the effect is still marginal.
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3 JWST SIMULATIONS
3.1 Forward Model
We use the Non-linear optimal Estimator for MultivariatE
spectral analySIS code NEMESIS (Irwin et al. 2008) to
compute our model spectra. NEMESIS uses the correlated-
k approach (Lacis & Oinas 1991) to model the spectra. We
built our k-distribution look up tables to have a resolu-
tion (FWHM) of ∆λ = 0.02µm, using line data from various
sources. For this study the molecules used are: H2O (Bar-
ber et al. 2006), CO (Rothman et al. 2010), CO2 (Tashkun
& Perevalov 2011) and CH4 (Yurchenko & Tennyson 2014).
As we are modelling an atmosphere which is H2-dominated
we also modelled the H2-H2 and H2-He collisionally-induced
absorptions (Richard et al. 2012).
3.2 TP profile parameterisation
To model our thermal profiles we employ the five-parameter,
three-channel description of the incoming and outgoing
fluxes presented in Parmentier & Guillot (2014). Briefly, the
temperature as a function of the thermal optical depth, τ,
is given by
T4(τ) =
3T4
int
4
( 2
3
+ τ
)
+
3T4
irr
4
(1 − α)ζγ1 (τ) +
3T4
irr
4
αζγ2 (τ), (10)
with ζγi given by
ζγi =
2
3
+
2
3γi
[1 + (
γiτ
2
− 1)e(−γiτ)] + 2γi
3
(1 − τ
2
2
)E2(γiτ). (11)
The parameters γ1 and γ2 are the ratios of the mean opac-
ities in the two visible streams to the thermal stream:
γ1 = κv1/κIR and γ2 = κv2/κIR. The parameter α has a range
between 0 and 1 and is the weighting used between the two
visible streams, κv1 and κv2. E2(γiτ) is the second order ex-
ponential integral function. Tint is the internal temperature
of the planet and it is usually a fixed value as it does not
have much effect on the spectra as long T4
int
 T4
irr
. Here we
have fixed it to a value of 200 K following Line et al. (2013).
Tirr is the radiative equilibrium temperature and is of the
form
Tirr = β
(
R∗
2a
)1/2
T∗, (12)
where R∗ and T∗ are the stellar radius and temperature
respectively, a is the semi-major axis of the planets orbit,
and β is a parameter which is used as a proxy for determining
how hot or cold a profile is. Finally the parameter τ is the
grey infrared opacity
τ =
κIRP
g
, (13)
where κIR is the mean infrared opacity, P is the pressure
in the atmosphere and g is the surface gravity, which we
consider to be constant with a value of log(g) = 3.69 cm
s−2 at the 1 bar level (calculated using the mass and ra-
dius presented in Table 1). The profile therefore has five free
parameters: α, β, κIR, γ1 and γ2.
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Figure 3. The temperature-pressure (TP) profiles used to gener-
ate the model atmosphere for this study. The parameterisation of
the TP profiles are presented in Line et al. (2013) and Parmentier
& Guillot (2014). We present a brief description in Section 3.2.
3.3 Composite Spectra
Similarly to Feng et al. (2016) we build a uniformly mixed,
cloud-free model atmosphere assuming that part of the at-
mosphere is hotter than the rest. We now want to model
the spectrum of a horizontally inhomogeneous planet atmo-
sphere. For this we assume that a projected fraction x of the
planet hemisphere we are looking at is hotter. To do this we
employ a linear weighting scheme
Fweighted = xFhot + (1 − x)Fcold, (14)
where Fhot is the spectrum generated from the hot 1-D TP
profile, Fcold is the spectrum generated from the cooler 1-D
TP profile and x represents the weight applied to the hotter
profile and is a free parameter in our retrievals. We vary
the weights used to generate the observed spectra to be x =
80%, 60%, 40% and 20%. Figure 4 gives an example of how
the observed spectrum was generated for a weighting of 0.8.
In physical terms, if the hot and cold profiles correspond to
the day- and nightside respectively, then the weights x =
80%, 60%, 40% and 20% represent approximately a planet
observed at phase angles of θ = 144◦, 108◦, 74◦ and 36◦
respectively (also 360◦ − θ).
3.4 Treatment of angles
We appreciate that when observing a planet at different
points in its phase there is a need to consider different zenith
angles at which a hot spot might be observed. However, we
chose to fix the zenith angle to be 45◦ for all simulations to
reduce the layer of complexity. It has been shown by Irwin
et al. (2019a) that for a 1-D retrieval, the assumed zenith
angle has second order effects on the temperature-pressure
profile; as our technique is a combination of two 1-D models,
it should not have an extreme influence.
As we are focusing on the abundances retrieved rather
than the temperatures, having a fixed zenith angle is a useful
MNRAS 000, 1–13 (2020)
Mitigating Biases in Emission Spectra 5
2 4 6 8 10
Wavelength ( m)
0.000
0.002
0.004
0.006
0.008
F p
/F
*
hot = 1.0
cold = 0.4
x = 80%
Average
Figure 4. Spectra for the hot (βhot = 1, magenta) and cold
(βcold = 0.4, green) profiles, alongside the composite spectrum
(red) produced with a weighting of x= 80%. This composite spec-
trum was binned and noise added to produce synthetic data used
in the retrieval study. For comparison, we also show (in blue) a
spectrum generated using the average of the hot and cold TP
profiles (T 4average = 12 (T
4
hot
+ T 4
cold
)). Note the small, but visible
differences between the composite and average spectra, especially
at shorter wavelengths.
approximation. If the hotter region of the planet was mod-
elled with a varying viewing angle, the retrieval would have
to adjust the TP profile shape to compensate, which might
effect the retrieved abundances.
3.5 WASP-43b
The planet and stellar parameters are based on the exo-
planet WASP-43b and its star discovered by (Hellier et al.
2011), we present the key parameters used in the modelling
in Table 1. We use these parameters to generate a stellar
spectrum from the Kurucz ATLAS9 model atmospheres
(Castelli & Kurucz 2004). We use the average TP profile
and assume equilibrium chemistry to calculate the volume
mixing ratios (VMR) using GGchem (Woitke et al. 2018)
and take the approximate values at 100 mbars to create a
uniformly mixed atmosphere; these values are also listed in
Table 1. We appreciate that the atmospheres may not be uni-
formly mixed and that the different profiles may have differ-
ent chemistry if the atmosphere is not quenched (Changeat
et al. 2019). We aim to explore this in a later study. For
this study we use two TP profiles with a large contrast,
representative of the expected day-night contrast for some
hot Jupiters. Specifically, our model atmosphere is based on
WASP-43b, which is known to have a day-night contrast of
∼1000K (Kataria et al. 2015; Mendonc¸a et al. 2018; Morello
et al. 2019). The cold and hot profiles are consistent with re-
trieved TP profiles of the nightside and dayside respectively
found in Stevenson et al. (2017). Other hot Jupiters have
been shown to have even larger day-night contrasts (Ko-
macek & Showman 2016; Parmentier & Crossfield 2017), so
our present study is by no means an extreme case.
3.6 Application to NIRSpec
Once the weighted spectrum is generated (i.e the red spec-
trum shown in Fig. 4) it is binned to the wavelength grid
of the different instruments in this study. We used Pan-
dExo (Batalha et al. 2017) to generate the wavelength grid
and noise for the NIRSpec Prism (0.6 – 5.3 µm), NIRSpec
G395M (2.87 – 5.10 µm), NIRSpec G235M (1.66 – 3.07 µm)
and NIRSpec G140M (0.97 – 1.84 µm), this is done for the
integration time of the secondary eclipse of WASP-43b. For
the NIRSpec Prism (nominal resolving power ∼100) we use
the resolution of the largest bin step as shown in Krissansen-
Totton et al. (2018) and for the different NIRSpec grat-
ings (nominal resolving power ∼1000) we use a resolution
of R=100.
We chose to focus this study on the various NIRSpec
instrument modes (G140M, G235M, G395M and Prism) as
these will be used for transiting exoplanet observations and
also provide a large overlapping wavelength grid. We decided
to also use the medium resolution gratings (R ∼ 1000) as
opposed to the higher resolution gratings (R ∼ 2700) to test
the lower limits of the resolution obtained by JWST. We ask,
is the wavelength coverage of these instruments good enough
to break the degeneracy, hence requiring a 2-D approach
to better analyse the observations? And, if it is possible to
retrieve the 2-D effects, is there evidence to support a 2-D
approach over a 1-D approach?
We note that the NIRSpec Prism will saturate for bright
targets and so for brighter objects an observer would opt to
use the gratings (Stevenson et al. 2016). The gratings pro-
vide a much smaller wavelength coverage so an observer may
want to combine observations of different gratings. We in-
vestigate if by combining G235M and G395M we can recover
information better than if we just had observations of the
individual gratings; in addition, we test if we are biasing our
retrievals when we do not combine the instruments. It has
been shown that combining observations can introduce bi-
ases in the retrieval and so systematic correction also needs
to be considered (Barstow et al. 2015).
3.7 Retrieval
For the retrievals conducted in this study we have wrapped
the forward-modelling component of NEMESIS in a
Bayesian framework, namely using a nested sampling ap-
proach (Feroz & Hobson 2008; Feroz et al. 2013), which we
implemented using pymultinest (Buchner et al. 2014). We
use a nested sampling approach due to its ability to produce
posterior distributions of the parameters and also for its ef-
ficiency in calculating the Bayesian evidence, which can be
used in model comparison and selection.
We retrieve on the model atmospheres with 3 different
retrieval styles: a 1-D model (i.e. F1-D = Faverage, where
Faverage is the disc averaged spectrum assuming a homo-
geneous temperature profile), a 1-D model with a free pa-
rameter, which is able to dilute the spectrum (Fdilution =
sFaverage) and then a model with 2 TP profiles which fol-
lows Eq 14, this model is 2-D. These will be referred to as
1-D, dilution and 2-D styles respectively from now on.
MNRAS 000, 1–13 (2020)
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Chemistry Planet Star TP
logH2O -3.42 RP (RJ) 1.036 R∗ (R) 0.667 log κIR -1.0
logCO -3.34 MP(MJ) 2.052 T∗ (K) 4520 logγ1 -1.0
logCO2 -6.63 log(g) (cm s−2) 3.69 M∗(M) 0.717 logγ2 -1.0
logCH4 -8.20 Tint (K) 200 [Fe/H] -0.01 α 0.5
a (AU) 0.01526 βhot 1.0
βcold 0.4
Table 1. Values used to create the forward model atmospheres. In column 1 we present the volume mixing ratios of the molecules which
make up the atmosphere, with the rest of the atmosphere consisting of 85% H2 and 15% He. In column 2 and 3 we present the physical
parameters of the planet WASP-43b and the star WASP-43 respectively (Gillon et al. 2012). In column 4 we present the parameters used
to create the two temperature-pressure profiles used in this study.
NIRSpec Prism
NIRSpec G395M
NIRSpec G235M
NIRSpec G140M
Figure 5. The weighted-by-abundance absorption coefficients of
the molecules used in this study. We have highlighted the wave-
length coverage of each of the instruments. The absorption coef-
ficients are calculated at a temperature of 1450K and pressure of
0.1bar.
3.8 The Dilution Retrieval
Here we employ a method we dub the ”dilution retrieval”
where we consider the flux coming from the hot profile alone,
effectively considering the colder profile to exhibit zero flux
output. Hence it follows the style of Eq 14 with the second
term equalling zero i.e.,
Fdilution = sFhot + (0 × Fcold), (15)
The parameter s effectively scales the 1-D forward
model Fhot to fit to the observations. The forward model
will be of a higher temperature than the disc average as it
is seeing a smaller emitting area on the disc of the planet,
we show this in Section 2. The scaling is wavelength inde-
pendent and mutes the features equally.
The ”dilution” factor, s, retrieved is consistent with the
weighting of the hot profile. The technique gives freedom
for the retrieval to adjust to accommodate systematics in
the observations as well as account for the non 1-D nature
of the spectrum. This technique is useful to use as it reduces
the number of free parameters needed to conduct a mean-
ingful retrieval simulation (extra parameter compared to the
parameters needed to simulate a second TP profile). This
makes sense to use when considering an emission spectrum
where the colder part of the planet is much colder than the
hotter part, hence being completely dominated by the spec-
tral features in the hotter region. For the large temperature
contrast, the colder region could also be seen as a cloudy
profile (Irwin et al. 2019b).
3.9 Bayesian Evidence and Model Selection
We use Bayesian model comparison to evaluate the statisti-
cal significance of one retrieval model over another (e.g. Ford
& Gregory 2007; Schulze-Hartung et al. 2012). We compute
the Bayes factor ln B = ln Z2 − ln Z1, where Z1 and Z2 are the
evidences for the 1-D and 2-D models, respectively, as calcu-
lated by the nested sampling algorithm. If the Bayes factor
is significantly less than unity (ln B < 0), the data supports
model 1 (1-D model). If it is significantly greater than unity,
the reverse is true. If |ln B| is close to zero, one cannot dis-
criminate between the two models. It is common practice,
when using the Bayes factor for model comparison, to in-
terpret the results using the adapted Jeffrey scale (Kass &
Raftery 1995). For example, the preference for model 2 over
model 1 is considered statistically significant only if ln B > 3.
However, our target audience of astronomers and planetary
scientists is most familiar with degrees of significance ex-
pressed in terms of the number of standard deviations, σ
(these are directly related to confidence intervals if the dis-
tribution in question is Gaussian). To make our results easily
accessible to this audience, we converted our ln B values to
a number of standard deviations, following the prescription
of Trotta (2008). We then consider a particular model to be
strongly favoured if it is supported at the > 3.6σ level.
4 RESULTS
We aim to show which atmospheric retrieval style was most
appropriate in retrieving on an atmosphere which has 2 TP
profiles. The results of these simulations are shown in Table
2 and are for the different planet types: with 80%, 60%, 40%
and 20% weighting applied to the hot profile, where the hot
profile has a βhot = 1.0 and the cold profile has a βcold =
0.4. These results are instructive: they show when there is
evidence to suggest that 2 TP profiles and also a more simple
dilution retrieval will be needed to perform a more robust
analysis of data obtained from different NIRSpec observing
modes. Alongside the σ-significance of the retrieval method,
we have presented whether or not the retrieved chemistry is
biased (B) or unbiased (U). For this study, we define an
unbiased retrieval to be one where the volume mixing ratio
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(VMR) of the species that have features in the wavelength
region observed were constrained to values within 2-σ of the
input values. We define a biased retrieval to be one where
one of the molecular abundance is constrained outside 2-σ
of the true value.
In the next subsections we describe our results for dif-
ferent instruments and different planet models. For each ob-
serving mode apart from Prism and G140M, we have pre-
sented the best fitting retrieved models and accompanying
posterior distributions for the 60% case in the Appendix. For
Prism we show the best fitting retrieved models and accom-
panying posterior distributions for the 20% and 80% case
in the main text, we also show the G140M 60% case in the
main text. The rest of the results are just described.
4.1 NIRSpec G140M
This is the most narrow wavelength region (0.97 – 1.84 µm)
which is similar to the coverage of the Wide Field Camera
3 (WFC3) on the Hubble Space Telescope (1.1 – 1.7 µm):
hence, the main absorber in this region is H2O (See Fig. 5).
This instrument would therefore be ideal if repeat studies
of objects observed with WFC3 were required at a higher
spectral resolution.
With regards to the ability to disentangle the contribu-
tion from two profiles, Table 2 shows it has the capability
to do so with a planet with 60%, 40% and 20% of the flux
contribution coming from the hot profile. For these simula-
tions, the 1-D retrieval style produced biased chemistry re-
sults, whereas the 2-D and the dilution approaches did not.
As the main absorber in this region is H2O, an unbiased re-
trieval would be one where it was possible to constrain the
abundance of this molecule and it was only possible to put
an upper limit on the abundance of the other molecules. We
present in Fig. 6 a comparison for the 60% scenario, where
the 2-D and dilution retrievals were unbiased and the 1-D
was biased.
In the x = 80% case, the H2O abundance was con-
strained correctly for the 1-D retrieval. However, we also
obtain a tight constraint on the CO2 abundance at 3 orders
of magnitude higher than the input value, corresponding to
a spurious detection. For x = 60%, 40% and 20% the H2O
abundance from the 1-D retrieval was accurately constrained
to smaller values than the input and CO was constrained
to an order of magnitude larger than the input. Again this
would be a spurious detection of CO as the absorption due
to H2O is roughly 1 order of magnitude higher than CO in
this region (see Fig. 5).
For an atmosphere that has a flux contribution that is
80% from the hotter profile, it is not possible to distinguish
between 2-D or 1-D retrieval styles. This can be understood
as the contribution from the colder profile, which already has
muted spectral features, now has only a 20% contribution to
the final spectrum, which are lost in the noise.
4.2 NIRSpec G235M
For all of the cases apart from x = 20% we see that only the
2-D or the dilution retrieval styles can correctly interpret the
data. However, for the x = 80% case the significance of using
2-D or the dilution over a 1-D style would be considered as
a non-detection; the chemistry in the 1-D style was also not
biased.
For all the unbiased scenarios, it was possible to con-
strain the abundance of H2O and CO, but it was only pos-
sible to put upper limits on CH4 and CO2; this is to be ex-
pected as these molecules do not have strong features over
this wavelength region (Fig. 5).
Table 2 shows that for the x = 20% case, all three re-
trieval styles produced biased results. We performed another
retrieval with the same model, this time without any noise
added (but keeping the same uncertainties) and again we get
biased chemistry. However, the posteriors were multimodal
and one mode sampled the true chemistry values. We at-
tribute this to SNR of the observation being too low that
the retrieval is not able to pick out discerning features. We
present in Fig. B1 a comparison for the 60% scenario, where
the 2-D and dilution retrievals were unbiased and the 1-D
retrieval was biased.
4.3 NIRSpec G395M
For all of the planet cases, it is not possible to detect the
2 TP profiles. In all cases apart from x = 40%, if 2 TP
profiles were not used in the retrieval, then biases in the
chemistry arose. We ran the 40% case with no noise model
added and the results were then consistent with the other
cases. Hence, the noise realisation used was causing the bias
and not the SNR. The wavelength region covered by this
instrument (2.87 – 5.10 µm) has been deemed to be a cru-
cial grating as it covers the molecular features of CO and
CO2 (See Fig. 5) and the photometry points of the Spitzer
Space Telescope. By performing tests on this grating it has
become apparent that long wavelength coverage by itself is
not what is crucial, but it is the specific wavelength region
we cover. This is highlighted from Fig. 2, we can see that
for the wavelengths covered by this grating, a SNR in the
range of ∼10 would be needed to disentangle the 2-D effects
in temperature, depending on the contrast of the profiles,
hence we require shorter wavelengths to be able to disentan-
gle the effects more efficiently.
We want to emphasise that, despite there being no ev-
idence to use a 2-D retrieval or dilution retrieval, if one is
not use, the chemistry will tend to be biased. Thus, caution
needs to be taken when interpreting Bayesian evidence.
We present in Fig. B2 a comparison for the 60% sce-
nario, where the 2-D and dilution retrievals were unbiased
and the 1-D retrieval was biased.
4.4 NIRSpec Prism
With the largest wavelength coverage of the study, we find
significant evidence for using a 2-D or a dilution retrieval
for each of the planetary cases. We show in Fig. 7 the best
fitting models for each of the retrieval cases for both x = 80%
(top) and x = 20% (bottom), the residuals for the fits and
also the posteriors. It can be seen that each case provides
a fit that has a reduced χ2 of below one; hence, without
performing a model comparison, we could conclude that 1-
D fit is good enough for the data. However, if we analyse
the triangle plot, we see that for x = 80% the 1-D retrieval
style produces a bias in the abundance and achieves a tight
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x = 80% x = 60%
Observing Mode 2-D Dilution 1-D Observing Mode 2-D Dilution 1-D
NIRSpec G140M 1.85σ U 2.11σ U B NIRSpec G140M 4.58σ U 4.52σ U B
NIRSpec G235M 1.97σ U < 1σ U U NIRSpec G235M 4.56σ U 4.46σ U B
NIRSpec G395M < 1σ U < 1σ U U NIRSpec G395M < 1σ U < 1σ U B
NIRSpec Prism 9.89σ U 9.64σ U B NIRSpec Prism 17.06σ U 17.00σ U B
G235M + G395M 11.11σ U 11.12σ U B G235M + G395M 18.94σ U 18.86σ U B
x = 40% x = 20%
Observing Mode 2-D Dilution 1-D Observing Mode 2-D Dilution 1-D
NIRSpec G140M 4.12σ U 4.18σ U B NIRSpec G140M 4.53σ U 4.61σ U B
NIRSpec G235M 4.42σ U 4.32σ U B NIRSpec G235M 5.18σ B 5.23σ B B
NIRSpec G395M < 1σ B < 1σ B B NIRSpec G395M 2.77σ U 2.36σ U B
NIRSpec Prism 19.16σ U 18.9σ U B NIRSpec Prism 16.15σ U 16.03σ U B
G235M + G395M 21.31σ U 21.31σ U B G235M + G395M 18.57σ U 18.64σ U B
Table 2. The results for all the test cases and instrument modes for the 3 retrieval styles used in this study. We calculated the Bayes
factor of the 2-D and dilution style with respect to the 1-D approach (difference in the ln(Z) values) and then converted this to a
significance estimate for the detection of more complex models in terms of standard deviation σ. We consider a strong detection if
>3.6σ. The letters U and B indicate whether the retrieval was either biased or unbiased in terms of chemistry. All models had a reduced
χ2 of below 1.
Figure 6. Best fitting models and accompanying posterior distributions for a planet scenario where the hot profile covers 60% of the
observed disk as seen using NIRSpec G140M. We overplot the three retrieval styles: 2-D (magenta), 1-D (blue) and Dilution (red) and
show in the residuals (model-data) that they present good fits to the data. The retrieved chemical abundances shown in the corner plot
on the left are strongly biased compared to the true values (in black) for the 1-D retrieval case. This leads to a spurious detection of CO
while no CO feature is seen in the original model (see the opacity comparison in Fig. 5).
constraint on CH4. For the x = 20% case, the 1-D retrieval
style biases all of the chemistry apart from the H2O content.
4.5 G235M + G395M
By combining the two gratings we achieve a similar level of
σ confidence as using the Prism. What is interesting is that
G395M alone was not able to disentangle the 2 TP profiles.
The addition of the G295M grating meant that the spectral
coverage was over a range that has a shorter wavelength,
which is shown in Fig. 2 to be a crucial spectral region that
needs to be covered. The required SNR increases as we move
to longer wavelengths. We present in Fig. B3 a comparison
for the 60% scenario, where the 2-D and dilution retrievals
were unbiased and the 1-D was biased.
4.6 2-D vs Dilution styles
From Table 2 it can be seen that the σ significance of the
2-D and dilution retrieval styles compared to the 1-D style
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Figure 7. Best fitting retrievals and accompanying posterior distributions for the planet scenarios with weightings x = 80% (top) and
x = 20% (bottom), as seen using NIRSpec Prism. We overplot the three retrieval styles: 2-D (magenta), 1-D (blue) and Dilution (red)
and show in the residuals (model-data) that they present good fits to the data. The true values are given by the solid black lines. When
analysing the chemistry result presented in the triangle plots, we find a biasing of the result. Note that performing a 1-D retrieval presents
a good fit to the data, however the chemistry is biased, only by exploring 2-D models and comparing the Bayesian evidence would this
have been apparent. Hence caution needs to be taken when performing retrievals on data that is not inherently 1-D.
are comparable. The difference is insignificant and can be
considered as a non-detection. We can interpret this to mean
that fitting for a second TP profile for a planet which we
know to have one, is not favoured given the resolution of the
data. Instead, a dilution factor applied to a 1-D retrieval
style is all we can interpret. The dilution factor mimics the
weight that is applied to the hotter profile; for example, the
dilution factor obtained from NIRSpec Prism for x = 0.8,
0.6, 0.4 and 0.2 are s = 0.84, 0.67, 0.51, and 0.32 respectively.
It can be seen from Table 2 that the performance of the
chemistry retrieval for both styles is comparable. Out of the
20 retrievals performed with each technique, both the 2-D
and dilution retrievals produced biased chemistry in 2/20 of
the cases. This is by far an improvement over the 1-D style
which produced biased chemistry in 18/20 of the retrievals.
4.7 Origins of the chemistry bias
As we have seen in Section 4 and as discussed in Feng et al.
(2016), in many cases performing a 1-D retrieval on a model
created with 2 TP profiles can lead to biased retrieved abun-
dances and even the spurious detection of chemical species.
We now try to understand which mechanism can produce
this bias.
To first order, we can assume that a planets atmosphere
emits at a given wavelength with an amount of flux equiva-
lent to the Planck function at the local temperature for this
wavelength. For a planet with a temperature that decreases
with decreasing pressure (i.e. a non-inverted temperature-
pressure profile), the thermal emission is larger if there are
less absorbers in this region, and smaller if there are more
absorbers in this region.
An emission spectrum at the resolution of JWST con-
tains information at different scales. At small spectral scales,
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the molecular features corresponding to single molecules are
detected and their slope puts a strong constraint on the
slope of thermal profile, with each band constraining the
temperature gradient at a different layer. We see from our
simulations the retrieval uses the numerous H2O bands to
determine the thermal structure of the atmosphere. How-
ever, as seen in the bottom panel of Fig. 1, the presence
of an inhomogeneous atmosphere should affect the general
slope of the spectrum (e.g. the mean slope between 1 and 5
microns, hence a larger spectral scale). Such a slope could
be interpreted by the retrieval as a change in the slope of
the temperature-pressure profile, however, because the tem-
perature gradient is set in each layer by the small spectral
scales (e.g. the slope of molecular features), the model can-
not change the temperature-pressure profile to adjust the
general slope of the spectrum. It must therefore rely on vary-
ing the opacities, hence the abundances.
Now let us imagine that we try to retrieve the abun-
dances and temperature profile of a planet with a diluted
hot spot, i.e., a hot temperature profile on a contained part
of the visible hemisphere of the planet. At a given layer, the
diluted blackbody would be given by the blue curve in Fig. 1.
When trying to retrieve the planetary spectrum with a 1-D
model, a typical blackbody would look like the red curve
of Fig. 1. The ratio between the two, shown in the bottom
panel of Fig. 1, have a slope: the 1-D emission is always
smaller than the diluted 2-D emission at short wavelengths
and larger at large wavelengths.
One could adjust this slope in two possible ways, the
first is to vary the vertical temperature gradient, so that dif-
ferent layers are probed at different wavelengths. However,
the temperature gradient is already determined by the small
scale molecular spectral bands that are detected. The other
way, is to change the levels that are probed, i.e. to change
the opacities so that the long wavelengths probe cooler lay-
ers and the short wavelengths probe hotter layers. For a
non-inverted temperature-pressure profile that means that
the opacity should be increased at long wavelengths and de-
creased at short wavelengths. As seen in the left panel of
Fig. 8, H2O is dominating the diluted hot spot spectrum.
Hence increasing the H2O abundance cannot significantly
change the large scale spectral slope of the opacities. As
seen in the right panel of Fig. 8, to change the spectral slope
of the opacities we can increase the abundances of species
that have a larger spectral slope than H2O, e.g., CH4 and
CO. The combination of CH4 and CO opacity can mimic the
small scale H2O features while increasing the general spec-
tral slope of the opacities. We note that NH3, considered in
Feng et al. (2016) but not in this study, could play a simi-
lar role as CH4 and CO, giving even more opportunities to
mimic the small scale signatures of H2O while giving more
liberty to adjust the large scale spectral slope of the opaci-
ties. More generally, any additional molecule would give an
additional leverage to adjust the spectral slope and compen-
sate the lack of 2 TP profiles in the original fit. This would
then lead to spurious molecule detection when using a model
with 1 TP profile. Given that any additional molecule con-
sidered in a retrieval framework would increase the ability of
the retrieval to compensate for the lack of inhomogeneities,
this has the potential to lead to numerous spurious detec-
tion of molecules in JWST spectra. We therefore urge fu-
ture modellers to carefully quantify the possible effects of
temperature inhomogeneities in a planet atmosphere before
claiming the detection of an unexpected molecule.
4.8 Wavelength dependent radius effect
Recent investigation into other biases that arise when study-
ing emission spectra include the wavelength dependence of
the planet radius (Drummond et al. 2018; Gandhi & Mad-
husudhan 2018; Fortney et al. 2019). Fortney et al. (2019)
highlight that this effect is not an offset, and can cause a
planet-to-star flux ratio variation of 5% for a typical hot
Jupiter. Our results would remain unchanged when mod-
elling the wavelength dependent radius effect, this is because
the biases we find arise from the gradient of the opacities ob-
served over a large wavelength range (i.e., a large spectral
scale), whereas the radius effect would have its largest ef-
fect on the smaller scales of the spectrum, particularly by
changing the shape of each molecular absorption bands. We
demonstrate this in Fig 9 by showing the ratio of the 2-D
and 1-D best fitting models from the x = 80% G395M sim-
ulations which had unbiased chemistry results. We see that
there do not appear to be many small scale fluctuations in
the residuals (bottom panel of Fig. 9, compared to bottom
panel of Fig. 2 from Fortney et al. (2019)) hence the wave-
length dependent radius effect and bias due to 2-D structures
are independent of one and other, and given good enough
SNR, it should be possible to disentangle both of them.
We also would like to note that modelling the wave-
length dependent radius effect in 1-D would probably lead
to the over estimation of the effect for the dayside spectrum
of a planet. The effect of the variation of the radius is pro-
portional to the scale height at the limb and is therefore
sensitive to the limb temperature. However, the spectrum is
sensitive to the temperature of the planets dayside, which
is usually hotter than the limb temperature. By assuming
that the correction due to the radius effect must be done
at the same temperature as the retrieved temperature from
the spectrum, one would likely overestimate the importance
of the radius effect. One possible way to model the radius
effect would be to model it in a 2-D framework like the one
this study presents. When analysing a dayside spectrum,
the transit radius variation should be determined by the re-
trieved cold temperature. For phase curve observations, the
viewing angle of the limb will vary depending on the phase of
the observation, hence ∆Rp(λ) = |yRp(Thot)+(y−1)Rp(Tcold)|
where y would be a parameter which would represent the
weighting of the limb seen by the observer.
5 IMPLICATION FOR FUTURE SPACE
OBSERVATIONS
5.1 Application to ERS observations
The first emission spectra observations of WASP-43b using
the James Webb Space Telescope will be be conducted from
the Transiting Exoplanet Community Early Release Science
Program (Bean et al. 2018). They will obtain a phase curve
observation using MIRI/LRS that will consist of two sec-
ondary eclipse observations and one primary transit obser-
vation. The wavelength grid covered (5 – 12 µm) and resolu-
tion (R ∼ 100) are similar to those investigated in this study,
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Figure 8. Left: Weighted-by-abundance absorption coefficients of the molecules from the best fit 2-D model for the 20% hot flux case
shown in Fig. 7; we also present the sum of the absorption coefficients, which is representative of the absorption of the final best fitting
spectrum. The sum is dominated by the water opacity at most wavelengths. Right: Weighted-by-abundance absorption coefficients of
the molecules from the best fit 1-D model for the 20% hot flux case shown in Fig. 7; we also present the sum of the absorption coefficients,
which is representative of the absorption of the final best fitting spectrum. We see that the 1-D retrieval requires an increase in the
opacity of all the molecules apart from H2O to fit to the observations. This is because varying H2O would shift the total opacity up and
down without changing the slope of the opacities at large spectral scales. Other molecules, such as CH4 or CO have a larger variation
between 1 and 5 microns and are used by the retrieval to increase the mean slope of the total atmospheric opacities.
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Figure 9. Top: Dilution and 1-D forward models generated from
the best fitting parameters from the x = 80% case for the G395M
observing mode. For the 1-D, x = 1.0 and β = 0.94 were retrieved
and used for the forward model, for the dilution, which is anal-
ogous for 2-D, x = 0.82 and β = 0.94 were retrieved and used in
the forward model. We chose to compare these due to their chem-
istry being unbiased in both scenarios, hence we are seeing the
effect due to the thermal profiles. Bottom: The ratio of the two
models. It can be seen that there is a larger gradient between the
two at shorter wavelengths and this begins to plateau at longer
wavelengths, this is similar to our analytical model in Fig 1.
i.e NIRSpec Prism and combining the gratings G235M and
G395M. However, the wavelength coverage does not go short
enough to be able to disentangle the temperature of the 2
profiles. Fig. 2 shows that potentially a SNR in the range 10
– 100 will be needed.
5.2 Application to GTO observations
There is a planned phase curve observation of WASP-43b in
the JWST Guaranteed Time Observations (GTO) program
(PI: Stephen Birkmann, Proposal 1224). They propose to
use NIRSpec G395H, which is the higher resolution grating.
We show that studying the horizontal temperature structure
of this planet is difficult with this grating and caution needs
to be taken when thinking about interpretation of the data
set. In no cases do our results show that a 2-D retrieval is
favoured over a 1-D retrieval, this is attributed to the wave-
length coverage only sampling the tail end of the blackbody
function. We do show that in three out of the four case, the
chemistry result is biased if a 2-D or dilution approach is
not used.
For a planetary case that had 40% flux coming from
the hot profile, all of the cases produced a bias result in the
chemistry. When analysing without a noise model, the 2-D
and dilution retrieval presented unbiased results.
Analysis of these data alone should be carefully inter-
preted: the results may vary when combined with the ERS
observations to cover more molecular features.
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6 CONCLUSIONS
We investigate how an inhomogeneous horizontal tempera-
ture structure effects the way we perform emission retrievals.
We aim to understand the origins of the biases and how to
mitigate them with JWST’s NIRSpec instrument.
We first derive an analytical criterion which can be used
to find the signal-to-noise ratio required to disentangle inho-
mogeneous temperature structures. We find that the signal-
to-noise ratio needed increases for longer wavelengths, this is
demonstrated in Fig. 2. This is because the longer the wave-
length, the closer the emission spectra from the hot and cold
parts of the atmosphere are to each other.
We then build planetary scenarios with varying hot and
cold flux contributions. We generate synthetic observations
for the NIRSpec observing modes and perform atmospheric
retrievals on them. We find that performing a homogeneous
retrieval will often result in biased chemical abundances, as
shown from Table 2.
We show that a novel method of applying a dilution fac-
tor to a 1-D model can provide a similar retrieval capability
as using the 2-D technique, for cases where the hot-spot is
significantly hotter than the surrounding atmosphere, sug-
gesting that it might be an ideal technique for studying the
chemistry of the atmosphere while saving on computation
time. This is because it has the capability to perform the
same as either a 1-D retrieval (if the dilution = 1) or a 2-D
retrieval (if dilution 6= 1) without facing biases in the chem-
istry.
Due to the large amount of dedicated time needed to
perform phase curve observations, it is prudent to know
which instruments are necessary to study the 2-D structure
in more detail. We find that with a large enough spectral
coverage we can break the correlation between the amount
of flux output and the temperature for all of the planetary
cases explored in this study (i.e using Prism or combining
G235M and G395M). Crucially, we show that the shorter
the wavelength observed the better the detection of 2-D ef-
fects. We find that, despite G395M being the grating with
the largest spectral coverage, there was no evidence to sup-
port using a 2-D or dilution retrieval over a 1-D style, but
if these retrieval styles were not used, then biased results
were produced. This reiterates that not only do we need a
large wavelength coverage, but this coverage needs to sam-
ple shorter wavelengths. As ARIEL (Tinetti et al. 2018) has
a large wavelength coverage of 0.5 - 7.8 µm, it is ideal for
detecting and quantifying inhomogeneities.
Smaller spectral coverage can also break the degener-
acy, such as using G140M (sampling before the peak of the
blackbody function), although with smaller significance and
only if the hot profile contributes 60% or less to the final
spectrum. This is something that would not be known for
the dayside of a planet unless performing a piori studies
with GCM models. It would, however, be known for tidally-
locked planets that are observed at various points in its
phase around the star.
Finally, we explain the origins of the biases that we
face when performing 1-D retrievals on a planetary system
that has an inhomogeneous temperature structure. A 1-D
model matching an emission spectrum from an inhomoge-
neous planet underestimates the spectrum at short wave-
length and overestimate it at long wavelengths. As a con-
sequence, the 1-D model requires larger opacities at longer
wavelengths and smaller opacities at shorter wavelengths.
In other words, the mean slope of the opacity vs. wave-
length needs to be larger in the 1-D model than in the
original spectrum. When H2O dominates the original spec-
trum, this naturally leads to an increase in the abundance of
molecules that have an opacity that increases more sharply
with wavelength than H2O, e.g. CH4 or CO. Importantly,
the larger the number of molecules considered, the easier
it is for the 1-D retrieval to find a way to compensate for
its lack of inhomogeneities. We therefore recommend that
future works should consider the possibility of temperature
inhomogeneities when searching for new molecules in JWST
data sets in order to ensure that these detections are not
spurious.
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APPENDIX A: COMPLETE ANALYTICAL
FORMULATION
Here we highlight the intermediate steps between Eq 6 and
Eq 9. We want to show how the flux varies with wavelength
and then by β, first we differentiate Eq 6 to get
(A1)
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δλ
=
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Finally, by differentiating with respect to β we find the
relationship between the given wavelength and how hot the
region of the planet under consideration is.
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We can then use this to set a criterion for the detectabil-
ity of this relationship as shown in Eq 9.
APPENDIX B: EXTRA FIGURES
This paper has been typeset from a TEX/LATEX file prepared by
the author.
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Figure B1. Best fitting retrievals and accompanying posterior distributions for a planet scenario of 60% flux applied to the hot profile
as seen using NIRSpec G235M. We overplot the three retrieval styles: We overplot the three retrieval styles: 2-D (magenta), 1-D (blue)
and Dilution (red) and show in the residuals (model-data) that they present good fits to the data. The true values are given by the solid
black lines. When analysing the chemistry result presented in the triangle plot, we find a biasing of the result from the 1-D style, we see
that the 1-D retrieval detects H2O and CH4 at values which are outside 2-σ from the input.
Figure B2. Best fitting retrievals and accompanying posterior distributions for a planet scenario of 60% flux applied to the hot profile
as seen using NIRSpec G395M. We overplot the three retrieval styles: 2-D (magenta), 1-D (blue) and Dilution (red) and show in the
residuals (model-data) that they present good fits to the data. The true values are given by the solid black lines. When analysing the
chemistry result presented in the triangle plot, we find a biasing of the result from the 1-D style, we see that the 1-D retrieval detects
CO at a value which is outside 2-σ from the input.
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Figure B3. Best fitting retrievals and accompanying posterior distributions for a planet scenario of 60% flux applied to the hot profile
as seen by combining NIRSpec G235M and G395M. We overplot the three retrieval styles: 2-D (magenta), 1-D (blue) and Dilution (red)
and show in the residuals (model-data) that they present good fits to the data. The true values are given by the solid black lines. When
analysing the chemistry result presented in the triangle plot, we find a biasing of the result from the 1-D style, we see that the 1-D
retrieval detects H2O, CH4, CO and CO2 at values which are outside 2-σ from the input.
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